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Key Points:

Atmospheric fossil C@enhancements estimated ustf@O; in central and southern California
— Inversions suggest emissions within 10 £ ~ 30 % (at 95% confidence) of CARB inventory
— Seasonal variations detected in the San Francisco Bay Area but not southern California

— Inter-annual variation or trend is not significant in SFBA

— Additional observations are needed to refine these estimates
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14C02
CA
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CIT
CEM
COM
CO,
EDGAR
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GHGs
IND
IPCC
LSM
MOB
MYNN2
NOAA
NOM
PBL
PG&E
PST
SBC
SFBA
SFBI
SoCAB
STILT
UN
us
UuTC
UTL
RES
RMS
RMSE
WRF
WGC
YSU

Carbon-13C dioxide

Radiocarbon dioxide

California

California Air Resources Board

California Institute of Technology

Cement production

Commercial

Carbon dioxide

Emission Database for Global AtmosphBesearch
Fossil fuel CQ

greenhouse gases

Industrial

Intergovernmental Panel on Climate Change
Land surface mode

On-road mobile

Mellor—Yamada Nakanishi Niino 2

National Oceanic and Atmospheric Admirasion
Non-road mobile

Planetary boundary layer

Pacific Gas and Electric

Pacific Standard Time

San Bernardino

San Francisco bay area

Scaling factor Bayesian inversion
South coast air basin

Stochastic Time-Inverted Lagrangian Tyzors
United Nations

United States

Coordinated Universal Time

Power production

Residential

Root mean square

Root mean square error

Weather Research and Forecasting
Walnut Grove

Yonsei University
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Abstract

Combustion of fossil fuel is the dominant sourEgreenhouse gas emissions to the atmosphere
from California. Here, we describe radiocarbdfiCQ,) measurements and atmospheric inverse
modeling to estimate fossil fuel GQFCO,) emissions for 2009 - 2012 from a site in cen@alifornia,
and for June 2013 - May 2014 from two sites in Beut California A priori predicted ffCQ mixing
ratios are computed based on regional atmosphamsgort model (WRF-STILT) footprints and an
hourly ffCO, prior emission map (Vulcan 2.2). Regional invemsiaising observations from the central
California site suggest that emissions from the Bamcisco Bay Area (SFBA) are higher in winter
and lower in summer. Taking all years together, alierage of a total of fifteen 3-month inversions
from 2009 - 2012 suggests ffG@&mission from SFBA was within 6 = 35% of thg@riori estimate for
that region, where posterior emission uncertairgies reported as 95% confidence intervals. Results
for four 3-month inversions using measurements @s Angeles South Coast Air Basin (SoCAB)
during June 2013 - May 2014 suggest that emissioi®CAB are within 13 £ 28% of the priori
estimate for that region, with marginal detectidrany seasonality. While emissions from the SFBA
and SoCAB urban regions (containing ~ 50%pabr emissions from California) are constrained by
the observations, emissions from the remainingoregare less constrained, suggesting that additiona
observations will be valuable to more accuratelymeste total ffCQ emissions from California as a

whole.

1 Introduction

Fossil fuel combustion is currently the main seuof increasing atmospheric gQdriving
changes in Earth’s radiative balance, increasinigse temperatures and threatening the stabilithef
ecosystem services the Earth provides (IPCC, 2@@pal average COconcentration has increased

about 40% from the level of 278+2 ppm at 1750 terat00 ppm in recent years (Etheridge et al., 1996;
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NOAA, 2018). Emissions in urban regions contribti#®% of the total global fossil fuel GQfCO,)
emissions (UN, 2016). In California, ffG@missions in San Francisco Bay Area (SFBA) andiSou
Coast Air Basin (SoCAB) are about half of the ssatetal ffCO, emission (Gurney et al., 2009). In
2006, California enacted legislation designed tduce greenhouse gas emissions (Legislative
Information, 2006), so it is important to assesSCH emissions over time to verify those target

reductions are occurring with more temporal andiapabservations.

Emission of ffCQ, as well as other greenhouse gases (GHGSs), castieated by both the
‘bottom-up’ and ‘top-down’ methods. The bottom-upventories determine the fossil fuel emissions
using data on fuel use, emitting activities, logasi of power plants and spatial proxies (Gurnegl.et
2009 and Gurney et al.,, 2012). However, bottom-spinates may be limited by incomplete
knowledge of processes that contribute to GHGs sams. The ‘top-down’ method of atmospheric
inversion uses bottom-up emission estimates of GHGnjunction with atmospheric observations
and meteorological Lagrangian transport modelstonate GHG emissions (e.g., Gerbig et al., 2003).

Top-down methods have not yet been widely useff@,, however.

The State of California estimates emissions uboijom-up activity data including fuel sales
and other data (CARB, 2016). As part of effortsctmtrol emissions, it is valuable to independently
evaluate the emission inventories using atmosphemasurements. Recent work has examined
regional ffCQ emissions from California for short periods (&grnbull et al., 2011; Pataki et al., 2003;
Newman et al., 2013; Brioude et al. 2012), and outhare being developed to monitor urban systems
(Kort et al., 2013; Turnbull et al., 2015) as wesdl larger regions (Levin et al., 2008; Basu et28l16;
Fischer et al. 2017; Graven et al., 2018). Graveralge 2018 estimated ffCOemissions across

California using multiple towers, including the ¢kerwe use here, for three one-month periods in-2014



118 15 and found that estimated emissions were consistith those reported by the State of California.
119 To our knowledge, there have not been estimaté&Caf, emissions over urban regions of SFBA and
120 SoCAB using inversion modeling covering completstmuous, annual timescales.

121

122 In this paper, we will describe atmospheric obagon-based estimates of ffG@missions for
123 SFBA and SoCAB, the two dominant major urban (amitteng) regions of California as shown in
124 Figure 1, which will make use of the four-year (2€#D12) tower-based observation data in SFBA and
125 one-year data (2013-2014) to assess the annuakeambnal trend in SFBA and seasonal trend in
126 SoCAB. In the methods section, we describe measmeof atmospherit’CO, at three California
127 sites, their use to estimate ffg@nhancements, prediction of expected ffGDhancements usirgy
128 priori emission maps and atmospheric transport modelsgestithation of posterior ffCOemissions
129 via Bayesian inversion. In the results, we repaduits for estimated ffCOenhancements, and
130 estimated annual and seasonal ff@&missions for SFBA and SoCAB. We then compare anmean
131 emissions with California’s reported ffG@missions.

132

133 2 Methods

134 2.1 Air sampling and **CO, measurements

135 Air was collected in flasks at one site in centrd&alifornia (WGC
136 (Walnut Grove): 38.27°N, 121.49°W) and two sites smuthern California (CIT
137 (California Institute of Technology in Pasadenaj:13°N, 118.12°W and SBC (San
138 Bernardino): 34.09°N, 117.31°W) (see Figure 1 foteslocations and definition of
139 theregions used for the inversions). Data fromseitls of these sites have been
140 used for previous regional estimates of methanerdeet al., 2012a; 2013; 2016;

141 2017) nitrous oxide (Jeong et al., 2012b; Jeongaét, 2018), and ffC@emissions in
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California (Graven et al., 2018), and to investigaftt CO, in Southern California
(Newman et al. 2013; 2016). In the current studyr sampling methods and
analysis differed slightly among the different sstd&or WGC, air samples were
collected using automated flask packages as parttbhe NOAA Global
Greenhouse Gas Reference Network (Andrews et al14)2 Air was collected
into flow-through flasks for approximately 2 minuseat 1400 PST (2200 UTC)
approximately every 2-3days from91l mabove thegnd after passing through
a water trap at 5°C. At CIT, the air was collected alternate days at ~10 m
elevation above ground for approximately 1 minutte 12800 PST into evacuated
one-liter Pyrex flasks after passing through Mg(QL,Qo dry the samples. At
SBC, air samples were collected at a height of 58move ground every three
days from 1400 - 1500 PST in 1-hr averages by vagyihe flow through 2-liter

flasks after passing through a water trapat 5°C.

Air samples from WGC were sent to the NOAA EartlgsGem Research
Laboratory for measurement of total £@“C0O,and other stable greenhouse
gases and reactive species not used in this st@and 5°C were measured
with precision at or better than 0.1 ppm and 0.0lr%spectively (Andrews et al.,
2014). CQ samples collected by approximately 2-3 days werdrexted and
graphitized at the University of Colorado (Turnbuldt al., 2007).0%%C was
analyzed by accelerator mass spectrometer at thekKeCMAS facility at the
University of California, Irvine, using the methodiescribed in Newman et al .,
2013 and Xu et al., 2007. For the CITand SBC saasplCQ was extracted fromthe

air samples cryogenically, and analyzed followinget methods described in



166 Newman et al., 2008. Individual flask samples werrealyzed forl*C weekly for
167 SBCand bi-weekly for CITby accelerator mass spexmneter at the Keck-CCMAS
168 facility at the University of California,Irvine awell.Uncertainty in measured
169 CO, concentrations at both CIT and SBC sites averagek4 ppm andd“C *
170 0.15%0, where the large uncertainty in £8 dominated by manometry with
171 smaller contributions from extraction and mass dpeometry. Uncertainty
172 for 0%C is 2%., based on the long-term reproducibility ®dcondary standards
173 (Newman et al., 2013).

174

175 2.2 Estimation of atmospheric fossil fue CO,

176 Local enhancements (above background) of atmosph€Q due to fossil
177 fuel combustion were computed using a mass balabeéween local and
178 background measurements of O@sing1*C (e.g., Miller et al., 2012; Turnbull et

179 al., 2006)according to:

180

181 Cobs = Cpg + ffCO, + C; - Cy (1)

182

183 AobsCobs = ApgChg + AfffCOs + AC, - ACy )
184

185 where Cis the mixing ratio of Glis thel*C0,, obsis a local observation,

186 bg is background, ffis fossil fuel component, mist primary productivity and r
187 is heterotrophic respiration, respectively. The ameps of air-sea fluxes, nuclear emissions
188 and other types of biofuel combustion such as womd I**CO,are small as

189 reported in Graven et al., 2018 and ignored as wmllthis study. Solving the



190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

above equation foffCO, with the assumption thall, =0, yields

Cobs( Aobs_ Abg)_Cr( Ar - Abg)

ffCO, =
A, - A, A, - A

3)

g bg

In the following work, we estimate ¢ and A,y from smoothed records of Pt. Barrow, AK
(Newman et al., 2016) since it has the data availabthe study period. Measurementdl6fCO, were
similar to clean air sampled at La Jolla, CA in 99907 (Graven et al., 2012; Newman et al., 2016)
and the difference in calculated ffgé@ CIT using La Jolla or Barrow data was very sn(all%)
(Newman et al., 2016). Raw radiocarbon data for W€ compared to smoothed background results
from Pt. Barrow in Figure 2 tofy is -1000 per mil for fossil fuel because fossglBiare assumed not
to contain any“C due to decay of this short-lived radionuclideeafnillions of year (Newman et al.,
2016). Becausd, is similar toA,y as compared withy, the 29 term in Equation 3 is assumed to
follow a sinusoid with a small amplitude that varieith site following the approach described by
Turnbull et al., 2006. We approximated the resmmterm to vary from -0.2 ppm in winter to -0.5
ppm in summer for WGC (Turnbull et al., 2011; Fisckt al., 2017). Observations &f'C and ffCQ
at WGC are shown in Figure 2 for the period fromr&ha2009 — November 2012. ffG@ixing ratios
for WGC for the 2009-2012 study period are showvFigure 2 bottom. For CIT and SBC, where
respiration is smaller and fossil fuéfC depletion of respired biomass €@
likely greater, we used 0.06 in winter) to 0.11 ppnsummer following Newman et al., 2016.
For comparison with Graven et al., 2018, respiratiorrections of magnitude 0.1 — 0.8 ppm at WGC
and 0.0 — 0.5 ppm at CIT and SBC were calculategitnulating G using a biosphere model and
atmospheric transport model, and using recent ghsens ofA,. While these more recent estimates

are larger than our estimates of the respiratianection, the differences are small compared to the



213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

estimated ffC@shown in Figure 2.

2.3 Prior emission maps

A priori ffCO, emission maps are prepared using the spatial engdral distribution of the
hourly Vulcan emission maps (version 2.2) develojpedhe 2002 emission year (Gurney et al., 2009;
http://vulcan.project.asu.edu/). To estimate pearissions for the years in this study, we scale the
Vulcan emission maps by emission source sectoratichmn-state bottom-up ffGQestimates provided
by the California Air Resources Board (CARB) sedpecific greenhouse gas inventory for 2012
(CARB, 2014). The annual emissions for 2012 base®43 Tg CQ@yr (CARB, 2014). For reference,
the emissions for 2009 — 2012 are 341, 337, 32938&dTg CQlyr, respectively, in a more recent
version of the inventory (CARB, 2016), varying l®s$ than 4%. For the region outside the US (e.g.,
part of Mexico, Canada) where the Vulcan emissemesnot available, the global Fast Track EDGAR
2010 emission inventory (EDGAR4.2) is used. There®sector definitions and the annual emissions
from these sectors are listed in Table 1. The wffee between the raw Vulcan and CARB at 2012
(CARB, 2014) annual emissions for the cement prodnqCEM), industrial (IND), on-road mobile
(MOB) and residential (RES) sectors is small reatio the CARB inventory (< 10%), while other
sectors show larger variations up to a factor 6ff@r aircraft (AIR), 70% for commercial (COM), 74%
for non-road mobile (NON) and -29% for power praiiut (UTL). Hence, the scaling of the original
Vulcan emission to that of CARB leads to slightlifetent spatial distributions of ffCQemissions for
some sub-regions comparing with original Vulcan maprder to retain variations in ffG@missions
for weekdays relative to weekends we matched thekdlay and weekend emission patterns of the
CARB-scaled emission map to those of the origitl22Vulcan data. The final annual average total
emission map (summing from all source sectors) fimedomputing the predicted signals is shown in

Figure 1. ffCQ emissions are strongest in SOCAB and SFBA.
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We use the combined CARB-scaled Vulcan and EDGé&WRs(de the Vulcan domain) emission
map as our primary estimate of prior emissionsdls® use six other emission maps (Table S1) to
evaluate the sensitivity of the inverse estimategssumed priogmissions (Table 1). These include (1)
the original (un-scaled) hourly-resolved Vulcan ssion map within California and the EDGAR
emission map out of the Vulcan domain, (2) the ahmaean of the original (un-scaled) Vulcan
emission and EDGAR map outside of the Vulcan domam (3) the EDGAR map alone (hereatfter,
original Vulcan, annual original Vulcan and EDGARiiesion maps) (Figure 1). The other three maps
are (4 and 5) the scaled Vulcan map scaled byfadb0.5 and 2, and (6) a flat prior map with a
uniform flux of 1 umol/n/s in each grid cell. The annual emissions in @agion of California (see
Figure 1 for the regions) are listed in Table Si &b prior maps used in this study. Here, prior
emissions are 62 — 64 Tg @@ in SFBA (R07) and 105 - 128 Tg G in SoCAB (R12) across the
different versions of Vulcan and EDGAR. As shownTable S1, the emission differences are large
between the flat prior map and the scaled Vulcap,raad those differences are used to define the pri
emission uncertainty in the inversion. We note thatuncertainty of the flat flux prior emissionries

among the 17 regions.

2.4 Atmospheric transport modeling

The WRF-STILT (Weather Research and ForecastimlyStochastic Time-Inverted Lagrangian
Transport) model (Lin et al., 2003; Skamarock et 2008; Nehrkorn et al., 2010) is used to simulate
ffCO, concentrations. For the inter-annual analysisN@&GC during March 2009 — December 2012, we
use the WRF simulations from Jeong et al. 201222B802013. The WRF set-up for these simulations
is summarized in Table S2 (for details see Jeors.eP012a; 2012b; 2013 and 2016; Bagley et al.,

2017). For June 2013 — May 2014, WRF3.5.1 is usaintulate meteorology for nested domains with

10
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36, 12 and 4 km resolution (d01, d02, and d03)tawaddomains of 1.3 km resolution (d04 and d05) as
shown in Figure S1. The dO03 domain (with 4 km hamial resolution) covers most of California; d04
and dO5 (with 1.3 km resolution) are used to rereshe metropolitan area of Los Angeles and the
San Francisco Bay Area, respectively. As with prasiwork, the WRF model was run with two-way
nesting with 50 vertical levels to resolve meteogyl over complex terrain features of California.
Initial and boundary meteorological conditions dreven by the North American Regional Reanalysis
data set (Mesinger et al., 2006). Based on thespi@mh evaluation using measured and predicted CO
mixing ratios (Bagley et al., 2017), we apply theldr—Yamada Nakanishi Niino 2 (MYNNZ2) scheme
to model planetary boundary layer (PBL) for all tim@nths for the CIT site. For the SBC site, the
Yonsei University (YSU) scheme is used for Novembkstuary while MYNN2 is used for the other
months since YSU boundary layer scheme enables & WaRameterization designed to improve the
representation of topographic effects (Bagley t28l17). For the land surface model (LSM), the Noa
LSM is used for all seasons at both CIT and SBCwiNan et al., 2013). WRF simulations are
conducted for each day separately, starting 6 hoeficre the day of simulation to provide model spin

up (Jeong et al., 2012a; 2012b; 2013; Bagley eP@l7).

Particle trajectories for each simulated receptoation and time point are estimated from the
hourly WRF output by releasing an ensemble of 5S00E particles at heights corresponding to the
sampling locations: 91 m above ground (WGC), 10aT), and 58 m (SBC). The particles are run
backward for 7 days driven by the WRF output witkire smallest domain grid available for that
location (i.e., d03, d02, dO1 for WGC; and d04, ,d832 and d01 for CIT and SBC). Footprints are
computed by aggregation of particles weighted leytiime spent at a given location and the inverse of
the planetary boundary layer depth at that locatlonFigure S2, it shows mean footprirfts the

flask receptors at sites of WGQepng et al., 2012a; 2012b and 20Q1G)T and SBC, which are

11
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computed from the best schemes in the Bagley €20dl7. Generally, footprint sensitivity is largest
near the receptor sites and tracks the upwind tthredackward in time. There are clear seasonal
patterns for the distribution of footprints at tiieasured sites as seen in Figure S2. As in Jeaalg et
2012a; 2012b; 2013; 2016; 2017 and 2018, we onty ars observation in the inversion when the
majority of the particles (80%) for that observatieach the western boundary of the modeling domain

at 130°W.

2.5 Bayesian inver se model
2.5.1. Inversion approach

We use the scaling factor Bayesian inversion ($FBéthod used in previous studies (e.g.,
Jeong et al., 2012a; 2012b; 2013; Fischer et @7 which relates model predictions to observetio

as,

cC=KA+v (4)

where ¢ is the observedbackground-subtracted mixing ratio. In this studly,represents the
reconstructed ffC@that is calculated from Equation.is the predicted mixing ratio computed from
the footprint,F, and prior emissionss, asK = FE. Here,A is a set of scaling factors to scale prior
emissions, and is the model-data mismatch vector with covariamadrix R. R is a diagonal matrix
representing the total uncertainty summed in quagFaby all error sources such as the measurement

error and the transport error. Under Gaussian gsoins, the posterior estimate #is solved as

j'post = (KT R_lK + Q/l_l)_l(KT R_1C+ Q;lj'prior) (5)

12
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where Aprior is thea priori estimate forA, and Q, is the error covariance associated Witlaor. The

posterior error covariance farcan be given as

Voo = (K'RK+Q) (6)

The SFBI method is used to estimate optimal emmssat both seasonal and annual temporal scales for
the WGC site (central California) and the combir@d and SBC sites (southern California) and
negative mixing ratios are not included in the msw@n modeling. The inverse modeling is
implemented in two steps (first and final) as irrgganaschi et al., 2005, and Jeong et al., 20122220
2013. After the first inversion, the second/finaversion is conducted using data selected by anothe
set of criteria,d — (KA)i* < aR;wherea is a factor applied to error covariance maRix The values

of a are determined to optimize the chi-square stasidtic~1 ¢ range from 2 — 3). This process is
similar to that of McKain et al., 2015 who excluddata points with model-data residuals ¢>fBom

the emission calculations.

Following previous work using the same inversietup (Jeong et al., 2016; Fischer et al.,
2017), we estimate 17 scaling factors (i.e., 16oregin California and one region outside Califajni
representing the regions shown in Figure 1 (bottigim). Here, the regions used for the inversiams a
constructed following a map of 15 “air basins” clfied by CARB for air quality control
(https://www.arb.ca.gov/desig/adm/basincnty.htmjhwa further subdivision of the San Joaquin Valley
into northern (Region 8) and southern (Region Eg)ians. We use the inversion setup previously

established by Jeong et al., 2016 and Fischer.,e2@l7, even though the limited number of sites we

13
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have for ffCQ here is not sufficient to provide observationalstoaints for all 16 regions in California.
However, it was more convenient to use this exgssiatup than to modify the inversion setup. In the
following analysis, we focus on emissions in cdrarad southern California regions, particularlynfro
SFBA (Region 7) and SoCAB (Region 12), becauseotservation sites are located in or near these
regions and significant reductions in posterior ertainties are found in the regions. We aggregate
WGC observations into 15 individual 3-month (seagmariods, 4 average “seasons” (combining same
seasons from 2009-2012 together), and 4 years (oomghbdata for each year together). For southern
California, we estimate seasonal emissions (3-mam#rages) for the June 2013 - May 2014 period
using the CIT observations alone, the SBC obs@&watalone, and both CIT and SBC combined,

respectively.

2.5.2. Uncertainty estimates

In SFBI, the error covariance matri, represents the expected model-measurement mismatc
error for each observation. Her,is expressed as a diagonal matrix assuming uratedeerrors,
where each element represents the total uncert@stg quadrature sum) from different error sources
including the number of particles released, flugragation, errors in modeled atmospheric transport,
estimated background mixing ratios (Gerbig et2003; Zhao et al., 2009; Gdckede et al., 2010;geon

et al., 2013) and the error from the observation.

Following Fischer et al., 2017, we estimated fRematrix as a quadrature sum of two
components: 1) the mean measurement error in dstinff€O,, and 2) a term proportional to the mean
observed ffCQ signal from Equation 3 at each site since it is/\@amplex to compute the R matrix
explicitly from all sources, and the second terrhjol presents all of the model-related error sairce

aforementioned, tends to be dominated by atmosphamsport model error with a magnitude that is

14
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generally about half of the background-subtractetbapheric signals as shown in (Jeong et al., 2012a

2012b; 2013). Here, each componenRaé calculated as

R; = mean ffCO, observation error)*2 +frac*meanffCO, observation))"2 (7)

wherefrac is the fraction to scale the mean seasonal recmtst ffCQ, which is a ratio presenting
how much the mean observ8@€O, is considered in the R matrix. The average obsefi@O, for
each season is shown in Table 2 for different sitesexamine the sensitivity of posterior emission
estimates to the assumed model-data mismatch amtgrthree different values of 0.3, 0.5 and 0& a
used forfrac. For example, with a factor of 0.5, we prescribé&csof the mean ffC® In the results, we
focus on the result using the assumed factor ohfdbdiscuss the sensitivity test results depenaing
the assumption on the fractional error. We notse thia reasonable assumption because Bagley et al.,
2017 found that the annual fractional RMSE (rooamsquare error) of predicted CO versus observed
CO for CIT, SBC, and WGC site were 0.35, 0.46 artd Orespectively, using similar meteorological
simulations. Moreover, the median fractional RMS&imeated from the hierarchical Bayesian
inversion (Graven et al., 2018) for CIT, SBC, an&®@/ranged from 0.4 - 0.7, similar to the range we
use. In this work, we use 1.4 ppm €O, observation error for all months at the CIT and SBi@€s
based on the estimated measurement errors desailbeek, and less than 1.68 ppm for WGC

depending on season.

Under the assumption that uncertainties in priarssions are uncorrelated between different
regions, the prior model uncertainty is expressethe diagonal matrix). For this work, we assume
that the uncertainty in the ffG@missions at the air basin level is estimatedb&b 21¢), based on a

county level comparison of Vulcan emissions withimaiependent California-specific bottom-up fuel
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use estimates for counties in California (de al RueCan et al., 2008). Under the assumption theat th
uncertainties between regions are uncorrelatedjmBngi25% emission uncertainties at the regional
scale in quadrature yields a ~10%d(luncertainty in state-total ffCOemissions, similar to earlier
assessments of likely uncertainty in annual #CGnissions for countries with detailed accounting
standards (NRC, 2010), and a recent comparison wfipie ffCO, emission models reported by
Fischer et al., 2017. The estimated multi-modeleutainty of ffCQ prior emissions for SFBA
obtained in a previous study by Fischer et al.,72@&s 23%, though the result for SOCAB was 10%.
We calculated the uncertainty in annual emissions\eraging the uncertainty from each 3-month
inversion. Here, we average the diagonal compooémosterior uncertainty corresponding to each
region (e.g., SFBA or SoCAB) which include the effef uncertainties correlated with those from
other regions (Jeong et al., 2013). The t-testapdied to check whether the estimated emissioms ar
significantly different between summer and wintgrusing Welch's t-test (Welch, 1974). If p value is
less than 0.05, it is significantly different, otiwesse not. Here, we emphasize that measurement and
model input uncertainties are reported as 1-sigsB&b(confidence) intervals, while posterior emission

estimates are reported as 2-sigma (95% confidenieeyals.

3 Results
3.1 ffCO, mixing ratios

The ffCQ mixing ratios at WGC are shown in Figure 3 (top)tfee period from March 2009 —
November 2012. Both the predicted (from the sc&l@dan map) and observed ffG@ary with season
in Figure 3, showing the largest ffG@ winter, consistent with the observed seasgnalitboundary
layer depth in California (Bianco et al., 2011). Wknowledge background, respiration, and diffeeenc
in actual ffCO2 emissions are possible explanationghe variation as well. The average observed

ffCO, is larger than 6.5 ppm in all winters, while tH€®, in other seasons averages 3 - 6 ppm, as
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shown in Table 2. For southern California, we make of the measurements at CIT and SBC during
the period of June 2013 - May 2014. Here, time @yes of predicted daily ffCOrom the scaled
hourly Vulcan map are computed to match the aggi@yaf air samples as described in Section 2.1.

As shown in Figure 3, the measured and predicte@ffat CIT are much larger than those at SBC.

3.2 ffCO; emissionsin central California
3.2.1 Bayesian estimates of ffCO, emissionsin central CA

Results for Bayesian inversions for 15 seasomst{ing 2009 winter due to the small amount of
data) are presented in Table 3. As described almutbers are identified and removed after thetfirs
inversion. For most seasons, no more than two pizEitds are removed, with an exception of summer
2011 where three data points are removed. The geeramber of data points in the final inversion is

21.

Table 3 provides a summary of best-fit regresstmpes and RMS errors for predicted vs.
observed ffCQin different seasons before and after the invassid he optimization generally reduces
the RMS error of (predicted vs. measured) ffC&hd adjusts the best-fit slope toward unity. For
instance, in spring 2012 the best-fit slope is owed from 1.48+0.65 (RMS error = 3.28 ppm) to
1.39+0.29 (2.00 ppm), where uncertainties in sl@pe reported at 1-sigma. However, both the
posterior regression slopes are roughly consistéhtunity, suggesting consistency between predicte

and measured ffC{signals.

The annual average posterior ffg€missions for 2009 - 2012 are shown in Figureaftutated
by averaging the four seasonal emission estimateadh year (with 2009 missing winter as described

above). Averaging posterior emissions over the ZZ02 period, posterior emissions (60 Tg60
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are consistent with the prior (64 Tg &@) but uncertainty in the prior of 32 Tg G is reduced to

22 Tg CQlyr, or roughly 50% uncertainty is reduced to 34&hé¢re both are expressed at 2-sigma or
95% confidence) for the SFBA, suggesting the WGGeolations provide a constraint on SFBA
emissions. Much smaller uncertainty reductionsodtained for the Sacramento and North San Joaquin
Valley regions (12 Tg Cg&yr is reduced to 10 Tg COr and 6 to 5 Tg CO2/yr), and henceforth we
focus on the SFBA. The posterior error covariaraeffecients for SFBA, Sacramento and North San
Joaquin Valley regions are less than 5%, indicattiag) posterior SFBA emissions weakly co-vary with

those of other regions (Tarantola, 1987; Jeond,2@12a).

Emissions in SFBA vary seasonally with emissioh®ht21, 4816, 62+23 and 69+29 Tg
COlyr (all at 95% confidence) in spring, summer,,falhd winter, respectively, as shown in Figure 5.
The higher emission in winter relative to summesignificant (applying Welch's t-test (Welch, 1974)
p < 0.05). We note the seasonal variation in pmste&missions is larger than that estimated in the
Vulcan 2.2, where SFBA emissions vary as 63, 5%l 67 Tg C@yr in spring, summary, fall, and
winter, respectively. This suggests that the olzerms provide additional information not contained
the prior emission map. Also, the variation of \arcprior map emission is mainly due to varied
emission of resident usage, which is highest ineviand lowest in summer. The standard deviation of
seasonal emission of residual usage is as lar§88ay CQ/yr, but they are less than 1 Tg & for
other emission sectors. Examining inter-annualati@m, posterior emissions from SFBA are 57120,
7022, 62123, and 51+23 Tg G@r for 2009 to 2012 (all at 95% confidence), retpely. The results
do not show significant inter-annual variation missions (p > 0.05), nor any significant trend oter

2009 -2012 period.

The results for the SFBA suggest that the obsemn&fprovide variable constraint on posterior
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emissions, with a maximum influence in summer andi@mum in winter. Following Turner et al.,
2015, we estimate the fractional constraint ongrast emissions provided by the observations nedati
to the constraint imposed by the prior in the seakaverage diagonal elements of the averagingekern
matrix (calculated as —VposQ'1 wherel is the identity matrix). Here, a value of unityggests the
observations constrain the emission fully while thelue of zero indicates no constraint. The
corresponding values for SFBA from the seasonalaayeg kernel matrix are 0.58, 0.72, 0.45, 0.28 for
spring, summer, fall, and winter, respectively, gegjing maximum constraint of 72% in summer and
minimum constraint of 28% in winter. This variatios qualitatively consistent with the footprint
analysis in this study and previous inversion rsshly Jeong et al., 2012a; 2012b; 2013; 2016 and
2017 where the summer footprints of WGC are strehfyem SFBA to the west of WGC constraining
SFBA emissions. During winter, WGC footprints ateosgest in the Central Valley, more weakly

constraining SFBA.

3.2.2 Senditivity tests

We compare average posterior emissions for SFBAguie original Vulcan, annual average
Vulcan, and EDGAR emission maps to examine the anphprior emissions on the inversion result.
As shown in Table 4, in each case, posterior eonssare indistinguishable from the estimate of @+2
Tg CO/yr (95% confidence) obtained with the scaled Voloaap. This means that scaling the Vulcan

map doesn’t impact estimating the posterior emmsBIdSFBA significantly.

Next, we assess the ability of the observationsatwectly recover regional emissions when
starting with false prior emissions, either mulfipg the Vulcan map by 50% and 200% or starting
with the flat prior map (Table 4). By design, th@op emissions from these false prior maps (32, 128

and 24.3 Tg Cgyr in SFBA) are quite different from the scalediéan emissions (64 Tg G@yr) and
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this test determines whether posterior emissiorsedan deliberately biased prior emissions are
consistent with the posterior emissions based ersthaled Vulcan prior emission, within uncertasitie
The posterior emissions obtained with the falserpmaps are 40+14, 70+30 and 3456 Tg.(O(all

at 95% confidence) for the 50% and 200% scaledarutoap and the flat prior map (Table 4), which
are all consistent with the posterior obtained i scaled Vulcan prior emissions (60 £ 22 TgpO

at 95% confidence). This suggests that the inversistem driven by the radiocarbon observations
does provide some constraint on ffE@missions in SFBA. For the flat prior map, the tposr
uncertainty is very large, showing that it is nsegg to use a prior map with realistic spatial
distribution of emissions. This can be expectedesifiCO, emissions vary substantially over the SFBA

region (Figure 1) and the WGC site may be sensitwenly part of the SFBA region.

Next, we examine the effect of varying the modmiadmismatch uncertainty across three
different factorsffac = 0.3, 0.5, and 0.7). We also analyze the sertgitdf inversion to background
data filtering where we remove data for observatiamen less than 80% of the particle trajectories
reach the western edge of the model domain at ¥3(réferred to as “ocean cut”). The reasoning
behind this filtering is that the background valwes have used may be unsuitable for air masses
entering California from directions other than frdime west. The posterior emissions based on diftere
inversion set-ups are summarized in Table S3, véatlos between posterior and prior emissions in
SFBA ranging from 0.76+0.16 to 0.94+0.35 (all at%®5confidence). The implementation of
background data filtering tends to increase theguims emissions (so they are more similar to therp
and increase the posterior uncertainties, comptrezkcluding the background data filtering, likely
because of the weaker data constraint from fewsemations in the inversion. As the posterior
estimates from these tests are all similar, it appehat the posterior emissions are only weakly

sensitive to the assumed model-measurement unmdgréaid the inclusion of background data filtering.
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Last, we test the sensitivity of the inversioritte assumption on the prior uncertainty by using
prior uncertainties ranging from 12.5% to 75% (asigina, equivalent to 35% to 150% at 95%
confidence). Here, results for SFBA show that wipitesterior emissions vary with the assumed prior
uncertainty (Table S4), they remain statisticatiglistinguishable (p > 0.05). This is because tharme
changes by only 7% (58 — 62 Tg &®) while the posterior uncertainties are 23% arep and
proportional to the prior uncertainty. The increatehe posterior uncertainty with an increaseha t
prior uncertainty is typical in this type of inveas (Jeong et al., 2012a; Wecht et al, 2014), bat t
small changes in the central estimate of the postemissions suggests that it is not substantially
affected by the assumed prior uncertainty. In aoldjtthe posterior emission is 50 + 22 Tg /B0 at
95% confidence from the 50% scaled Vulcan map withprior uncertainty of 50%, which is much
closer to the ‘best estimated’ emission of 60 £T22CQO,/yr at 95% confidence than the inversion
estimation from scaled hourly Vulcan map and 25%eutainty. This further supports the reliability of
the tests of sensitivity of the estimated emissitanghe prior uncertainty are reliable suggesting o

observations constrain the regional total emisgoiSFBA.

Taken together, the sensitivity tests describeav@ldemonstrate that the inverse estimates of
ffCO, emissions for the SFBA region are resilient to theice of prior emission map (false maps,

Vulcan maps and EDGAR maps), and prior emissionna@asurement-model uncertainties.

3.3 ffCO; emissionsin southern California
3.3.1 Bayesian estimates of ffCO, emissionsin southern CA
Applying the standard inversion with the scaledurhp Vulcan prior emissions (prior

uncertainty = 25%, and frac = 0.5), the posterionssions for seasonal inversions for southern
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California sub-regions are shown in Figure 6. Héne, measurements from CIT and SBC reduce
posterior uncertainty in SoCAB (region 12), withlyominor uncertainty reductions in other regions,
and so we focus on SOCAB. For SOCAB annual avepamgterior emissions are 124+31 Tg 80
consistent with the prior value of 109 = 54 Tg £ (where both are expressed at 95% confidence),
but with a reduction of uncertainty. For comparisoversions using only CIT or SBC data produce
results that are similar to those above, with ahauarage posterior emissions of 124+42 and 113+35

Tg CG/yr (all at 95% confidence) using either CIT or SB&spectively.

Examining seasonality with all observations fronT @nd SBC, the posterior emissions are
118+28, 132+37, 114+31, 131+27 Tg @ (all at 95% confidence) for spring, summer),fahd
winter, respectively, with slightly higher emisssom summer and winter when more electricity isduse
for air conditioning and heating, though the effeite not statistically significant (p > 0.05). $heare
consistent with the Vulcan 2.2 prior map that tin@ssion variation is contributed by sectors of the
transportation, residual residual usage and poweyction with standard deviation of 3, 5 and 3 Tg
COu/yr in comparison with other sectors less than 1CQy/yr. The higher emission in the winter is
mainly contributed by the resident usage, and ighen emissions in summer are due to mobile on

road and power production.

Here, the emissions for SOCAB (Region 12) shownadized covariance of -0.03 with Region
13, which suggests only a weak correlation betwhertwo adjacent regions and further indicates the
SoCAB emissions have been estimated independeislyabove, we also estimate the diagonal
elements of the averaging kernel matrix followingriier et al., 2015, finding values for SOCAB of
0.72, 0.58, 0.64 and 0.77 for spring, summer, daltl winter, respectively. This result indicatest tha

overall, the emissions in SOCAB are constrainedhayobservations somewhat better than in SFBA,
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likely due to the fact that observations from twtes are used to constrain SOCAB emissions and

because the ffC{signals are larger.

3.3.2 Senditivity tests

Applying the tests with false prior maps in SOCAB prior emissions of 55, 218 and 32 Tg£O
lyr), posterior emissions are 81+22, 130+36 and829# g CQ /yr (all at 95% confidence) are
statistically indistinguishable for the 50% and 2O¥ulcan emission maps, and the flat flux prior map
respectively. These results are also consistettit thi¢ result obtained with the scaled hourly Vulcan
prior emission, suggesting that the observationd @odeling system are effective in estimating

posterior emissions (albeit with greater uncertgidespite a substantially incorrect prior assuopti

The sensitivity tests on the model-measuremenergaty, time averaging of the prior, and
removal of data for the case when particle trapgesodo not reach the western edge of the model
domain are summarized in Table S5. Here, the geédiators (ratio of posterior to prior) range from
1.062£0.17 to 1.19+0.11 at 95% confidence dependmthe assumptions. With the exception of a very
small model-measurement uncertainty (frac = Ol8, wariations in posterior emissions are small. In
addition, when the scaled Vulcan prior emissiorsraplaced with the original Vulcan, annual origina
Vulcan and EDGAR emission maps, the posterior aomsschange by no more than 3 Tg 8@

compared to the posterior uncertainties of 30 Tg/@(Table 5).

The results show weak sensitivity to the choiceradr uncertainty (posterior/prior factor shown
in Table S4) and statistically indistinguishablestgoior emissions among different assumptions,
suggesting that the inversions are only weakly ifgeasto the prior uncertainties. In addition, the

estimated emission using scaled Vulcan map by 5@%%530% 1-sigma prior uncertainty assumption is
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562 107+30 Tg CQ/yr at 95% confidence, which is consistent with #stimate of 124+31 Tg GQOr at
563 95% confidence from scaled Vulcan map with 25%dtrsi prior uncertainty. This results further
564 support that the inversion result is not stronguenced by our choice of prior uncertainty.

565

566 As with the results for central California, thesensitivity tests demonstrate that the SoCAB
567 measurements provide constraint on posterior f@@issions that are consistent across a range of
568 prior emission maps (false maps, Vulcan maps anGAR map), different inversion setting ups
569 (different ways of combining data, different fractivalues for R etc.) and different prior uncetrtiais
570 (seeing Table 5). Furthermore, scaling the Vulcap moesn’t impact the estimation of emissions in
571 SoCAB significantly seeing Table 5.

572

573 4. Discussion

574 The estimated total emissions for SFBA averagesl dve 2009 — 2012 period is 60+22 Tg
575 COyyr at 95% confidence, which is 94 + 35% of prionissions for the region. Our inter-annual
576 analysis for SFBA (see Figure 4) does not detesigaificant inter-annual variation or trend in
577 emissions. However, the seasonal variation in postemissions is statistically significant with
578 emissions larger in winter than summer, consistatit variations in natural gas consumption in the
579 SFBA (PG&E, 2016). Although Vulcan 2.2 prior maposls the seasonal variation is mainly
580 contributed by the resident usage, source invergidinbe helpful for the source-appointed study of
581 ffCO, emission in the future with additional tracer sashCH.

582

583 Comparing with other studies, the estimated anmmissions in SFBA (and SoCAB) are
584 consistent with the shorter term estimates obtaine@raven et al., 2018. However, the uncertainty

585 reduction obtained in this work (1-posterior unagty/prior uncertainty) is smaller than that poted
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by Fischer et al., 2017 (Table 4) or obtained bgvén et al., 2018 (Figure 3). This may be due d¢seh
studies using more measurement sites than the tiweeg sites used in this study (Brophy et al.,801
Thus, it is necessary to adopt measurements frotipheutowers in the inversion estimation. We note
that more data may effective in reducing uncenaintSFBA ffCO, emissions if transport model bias
errors are < 10%, as suggested by the evaluatiomodiled wind speed and wind direction described

by Bagley et al., 2017.

The inversion analysis using the combined measemésnfrom SBC and CIT for June 2013 to
May 2014 obtains posterior emissions of 124+31 T/¢r at 95% confidence in SOCAB, which is are
within 13 £ 28% of prior emissions for the regiddontrasting with the SFBA, SoCAB emissions
appear marginally higher in summer than in othasseas, consistent with the work of Newman et al.,
2016. However, detection of any significant seabgnavould likely require more observations.
Different with the SFBA region, the seasonal vaomatof ffCO,emission in SOCAB are contributed by
more sources from the Vulcan 2.2 prior map suchtrassportation, resident usage and power

production, thus it will request more tracers ia future source inversion such as£80 and others.

With respect to additional potential sources afogrwe speculate that inadequate spatial
resolution in the Vulcan emission map may contelotaggregation error in the model-data mismatch
(R) matrix. For example, Feng et al., 2016 show tMSE of ffCO, between the WRF-Vulcan (1.3-km
resolution map derived from the 10-km Vulcan mag@djictions and in-situ measurements at Pasadena
site is 5.51 ppm which is slightly smaller than6gpbm for WRF-Hestia (1.3km resolution) modeling.
However, uncertainties in the spatial distributadffCO, may increase at smaller scales (Hogue et al.,
2016). Emissions in Vulcan tend to be less conagedrin urban regions compared to other emissions

estimates such as EDGAR (Brophy et al., 2018). Harsulated inversion experiments in California
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using the same measurement network as in Gravan 018 found that posterior estimates emissions
obtained using the EDGAR prior were consistenthydo (although not significantly different) than

that obtained using the Vulcan prior (Brophy et 2018).

In conclusion, the inversions reported here preddnually averaged estimates of urban #CO
emissions for SFBA over the 2009-2012 period an@A#® over the June 2013-May 2014 period.
Together these regions comprise ~50% of total eorissin California. Further work including“CO,
observations at more sites across California iseetga to improve estimates of fossil fuel £O
emissions in California.
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853 Tables

854 Table 1. Annual Fossil Fuel COEmissions by Sector for Original and Scaled VulEanissions and
855 CARB 2012 Inventory (unit = Tg C&Oyr).

Source Sectors Vulcan V2.2 Vulcan V2.2 CARB GHG
Original Scaled Inventory

AIR (aircraft) 7.08 2.80 2.80
CEM (cement production) 6.38 6.89 6.89
COM (commercial) 24.18 14.13 14.12
IND (industrial) 68.36 75.88 75.87
MOB (on-road mobile) 145.55 152.22 152.19
NON (non-road mobile) 16.65 9.58 9.58
RES (residential) 28.26 27.81 27.74
UTL (power production) 38.24 53.73 53.74

Sate Total 335.7 343.0 342.9
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Table 2. Mean reconstructed ffCG@bserved at WGC during 2009-2012 and at CIT an@ 8&ing

2013 - 2014 (unit = ppm).

Site Year Winter Spring Summer Fall
WGC 2009 NA 3.0 3.5 51
WGC 2010 8.0 2.9 4.5 5.8
WGC 2011 7.1 3.4 3.3 4.9
WGC 2012 6.6 3.1 3.4 4.1
CIT 2013-2014 25.0 21.6 25.9 215
SBC 2013-2014 8.2 5.1 11.0 10.2

Table 3. Best-fit slopes from regression of predicted ff@Om scaled Vulcan map vs. observed filCO
at WGC (at 1-sigma, 68% confidence) before and a&fteersion during 2009 - 2012 (prior uncertainty
=0.25, frac = 0.5 and ocean cut used).

Year

Winter

Spring

Summer

Fall

2009

2010

2011

2012

Before inversion
After final inversion
Before inversion
After final inversion
Before inversion
After final inversion
Before inversion
After final inversion

NA

NA

1.02+0.22 (3.53 ppm)
1.06:0.22 (2.89 ppm)
1.32+0.43 (5.36 ppm)
1.04+0.22 (3.74 ppm)
0.42+0.46 (6.91 ppm)
1.42+0.47 (2.12 ppm)

0.82+0.22 (1.91 ppm)
0.89:0.20 (1.38 ppm)
0.57+0.11 (1.99 ppm)
0.710.12 (1.66 ppm)
0.63+0.23 (2.6 ppm)

0.84+0.23 (1.85 ppm)
2.90+1.06 (4.59 ppm)
1.00£0.49 (1.63 ppm)

1.36+0.4 (2.86 ppm)
0.83+0.26 (1.90 ppm)
0.81:0.14 (2.22 ppm)
0.930.11 (1.46 ppm)
-1.86+-2.77 (3.05 ppm)
1.530.74 (1.32 ppm)
1.54+0.67 (2.07 ppm)
1.15:0.54 (1.63 ppm)

0.92+0.14 (2.92 ppm)
1.10+0.12 (2.09 ppm)
0.62:0.15 (4.01 ppm)
0.92:0.08 (1.77 ppm)
1.49+0.85 (2.92 ppm)
1.35+0.51 (2.33 ppm)
1.48+0.65 (3.28 ppm)
1.39+0.29 (2.00 ppm)

*The values in the parentheses are RMS errors.
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Table 4. Prior and posterior ffC®emissions in units of Tg GOr for the San Francisco Bay Area
(uncertainty at 95% confidence) from all prior mdpded in first column based on 15 seasonal
inversions for central California (prior uncertaint0.25, factor for the R matrix = 0.5 and oceah cu
used).

Prior maps Prior emissions Posterior emissions (unit = Tg G/gr)
Scaled Vulcan map 64+32 60+22

Original Vulcan map 62+31 62123

Annual original Vulcan map 62+31 61+23

EDGAR map 6432 6525

50% scaled Vulcan map 32116 4014

200% Scaled Vulcan map 128+64 70+£30

Flat Flux map 24412 34156

Table 5. Posterior ffCQ emissions in SOCAB (posterior uncertainty at 959fidence) from all prior
maps listed in first column based on seasonal #wes for southern California (prior uncertainty
=0.25; factor for the R matrix = 0.5; ocean cutd)se

Prior maps Posterior emission (unit = Tg B0
Scaled Vulcan map 124+31

Original Vulcan map 121+30

Annual original Vulcan map 122+31

EDGAR map 123431

50% Scaled Vulcan map 81122

200% Scaled Vulcan map 130+36

Flat Flux map 79182
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Figure 4. Annual average prior and posterior ffc@®missions from scaled Vulcan map (error bars
show prior and posterior uncertainties at 95% dmrfce) based on 15 seasonal inversions in central
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